Motivation: Progress in large-scale experimental determination of protein-protein
Introduction
all been applied to the yeast protein interaction network with equal or better success.
Functional predictions at this level of accuracy are useful for annotation of proteins for which there is little functional information and for providing novel functional predictions, such as involvement in specific pathways, or confirming existing annotations provided by other methods, for proteins that have been characterized.
Since protein interaction datasets do not exist for most organisms, including several important ones, computational methods have been developed to predict protein interactions or functional relationships between proteins in experimentally uncharacterized organisms (Pazos, Helmer-Citterich et al. 1997; Marcotte, Pellegrini et al. 1999; Matthews, Vaglio et al. 2001; Goh and Cohen 2002; Yu, Luscombe et al. 2004 ). In the interolog method (Walhout, Sordella et al. 2000 ) (Matthews, Vaglio et al. 2001; Yu, Luscombe et al. 2004) , for example, interactions are predicted between two proteins based on their sequence similarity to protein pairs known to interact ( Figure   1A ). A considerable benefit of this method is that the prediction of protein interaction networks for one organism is accomplished by integrating over protein interactions from a large number of diverse sources. Previous results indicate that proteins predicted to interact also have similar functions (see Figure 1 in (von Mering, Krause et al. 2002)) but did not provide detailed analysis of this observation.
The Bioverse database and computational biology framework <http://bioverse.compbio.washington.edu>, an integrated, knowledge-based resource to facilitate the understanding of the relationships between molecular and organismal biology includes predicted protein interactions as well as functional annotations for over 50 organisms. The Bioverse is unique in part because each prediction is assigned a heuristic quality score, and these can be used to integrate information from different sources and to calibrate the resulting predictions. We used predicted protein interaction networks that combine information from a large number of
Figure 1A
QuickTime™ and a TIFF (Uncompressed) decompressor are needed to see this picture.
Figure 1B
QuickTime™ and a TIFF (Uncompressed) decompressor are needed to see this picture. Proteins in a target proteome (I and II) are compared with proteins from an interaction database by searching for sequence similarity. When both I and II are found to be similar to two proteins known to interact (A and B) an interaction is predicted between I and II (I-II). An interaction score is calculated as the product of the two sequence identity scores (SI A:I and SI B:II). B. Experimental interactions from various organisms are used to predict protein interaction networks as shown in panel A (network prediction). Proteins in this predicted network are annotated using manually curated GO categories or categories computationally assigned by the Bioverse (primary annotation). The neighborhood weighting method generates a list of predicted categories from the primary annotations of neighboring proteins which are assigned a weight and are ranked and filtered according to this weight (network-based annotation). For purposes of cross-validation predicted categories are compared to the primary annotations for the protein in question and precision is evaluated on the basis of how many predictions match primary annotations.
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http://bioinformatics.oxfordjournals.org/ Downloaded from sources and developed a network annotation method, the "neighborhood weighting method", which takes advantage of the quality scores associated with the predicted interactions and initial functional annotations by using the scores as weights in the functional predictions. We evaluated the majority-rule and neighborhood weighting method on both experimentally-determined and predicted protein interaction networks using starting annotations from either manual or automated sources. This report represents the first critical evaluation of a network-based functional annotation method applied to predicted physical protein interaction networks from all domains of life including multicellular eukaryotes. We show that this combination of methods can be used to annotate proteins in organisms for which little or no experimental interaction information is available and that weights generated can be used to estimate the precision of these predictions.
Methods

Protein annotation
Protein sequences in the Bioverse were obtained from the NCBI sequence repository (Benson, Karsch-Mizrachi et al. 2000) and from collaborators (Kikuchi, Satoh et al. 2003) . Starting (primary) automated functional annotations (automated primary annotations; APAs) were performed by applying a variety of domain/family/motif classification methods to each sequence and mapping these individual results to Interpro categories, similar to the iprscan program (Apweiler, Attwood et al. 2000) , then to Gene Ontology (GO) categories (The Gene Ontology Consortium 2001) using the ipr2go mapping provided by Interpro (see Supplementary Materials). With regard to the current study it is important to note that APAs are based only on matches to the category databases outlined above and do not include information derived from interolog determinations, the described network-based annotation, or direct transfer of annotation from similar sequences. Since APAs are based on sequence similarity to conserved domains/motifs it is impossible to eliminate the presence of some circularity in the annotation process, however, this method avoids the overt circularity found in some other methods.
A primary annotation is the initial functional annotation for a protein, either manually assigned (MPA) or assigned by the Bioverse using automated methods (APA), before any network-based predictions have been made. For APAs quality scores for annotations from individual methods were calculated as the percentage sequence identity (SI) between the protein sequence and the matched pattern or sequence. The overall scores of Interpro (and thus GO) annotations (annotation scores) were calculated as the score of the best individual method contributing to that Interpro category.
The GO is a vocabulary for functional description of proteins and is arranged in a directed acyclic graph (DAG) of categories of different levels of functional specificity.
For instance, the GO category for receptor tyrosine kinases (GO:0004716) is a member of several other GO categories including protein kinases (GO:0004713), which is in turn a kinase (GO:0016301), which is an enzyme (GO:0003824). Thus proteins with specific GO annotations can be described at varying functional specificity levels (GO levels, i.e. distance of the category from the DAG root; see Supplementary Table I (Benson, Karsch-Mizrachi et al. 2000) for human. For the purposes of network-based annotation (see below), the quality score of these annotations were considered to be 1.0. The human APAs from Bioverse were combined with the MPAs from GenBank for the examples in Table 2 . In cases where a protein had an identical annotation from both APA and MPA sources, the MPA category had precedence and thus was assigned a functional quality score of 1.0. MPAs with a source of IEA (Inferred by Electronic Annotation) were not considered to be manually-curated (The Gene Ontology Consortium 2001) and were discarded.
Interaction prediction and network generation
Protein-protein interactions were predicted by a method very similar to the previously described "interolog" method (Walhout, Sordella et al. 2000; Matthews, Vaglio et al. 2001; Yu, Luscombe et al. 2004) . A database of protein interactions was compiled from the Database of Interacting Proteins (DIP (Xenarios, Rice et al. 2000) ;
18,251 interactions), the General Repository for Interaction Datasets (GRID (Breitkreutz, Stark et al. 2003) ; 20,985 interactions), and crystallized complexes in the Protein Data Bank (PDB (Berman, Westbrook et al. 2000) ; 8,835 interactions).
All the proteins encoded by a target genome were compared to the sequences in the interaction database using three iterations of PSI-BLAST and considering all matches with Z-scores better than 5 and e-values less than 1.0. The sequence identity score (SI) for the match was then calculated as the percentage of identical residues matched, relative to the entire length of the matched sequence from the interaction database. In contrast to the original interolog method (Walhout, Sordella et al. 2000) , all similar sequences were considered, and no attempt to distinguish orthologs and paralogs was made. Although use of these parameters does not exclude very low quality matches the interaction quality score which incorporates the SI of the matches defines the contribution of the matches in the neighborhood weighting method (described below) so inappropriate interactions provide a minimal contribution to the prediction process. PSI-BLAST was chosen over slower but more sensitive methods of determining sequence similarity because of the aim of providing annotations for large numbers of sequences.
Interactions were predicted when each partner (A and B) in an experimentally derived interaction was found to be similar (A:I and B:II) to different proteins (I and II) in the target organism ( Figure 1A) . A score was calculated by multiplying the SI from each comparison together (SI A:I x SI B:II ; interaction score), analogous to the "joint similarity" measure previously described by Yu and colleagues (Yu, Luscombe et al. 2004 ). The experimental yeast interactions are from the yeast core interaction set from the DIP.
Recently, experimental protein interaction data from a large-scale study of the fruit fly (Giot, Bader et al. 2003) have become available. We chose not to include this data in our protein interaction database to ensure that the results obtained for the predicted protein interaction networks for the fly were not unfairly biased by its presence. Additionally, this dataset is fairly small relative to the yeast data set. Inclusion of this and similar experimental data in the future will improve results for the organism in question as well as for related organisms.
The purpose of this study was to generate the most accurate network-based functional annotations for as many proteins as possible in a given target organism, not necessarily to generate the most accurate predicted protein interaction network (estimates of the accuracy of in silico predicted interactions can be found in (von Mering, Krause et al. 2002) ). We therefore considered all similar proteins found (not just the highest scoring match) and used an inclusive score threshold for network generation. For the network size numbers in Table 1 , predicted interactions with scores above 0.15 (equivalent to a joint similarity (Yu, Luscombe et al. 2004 ) of 0.38) were included as edges in the predicted networks. Although this is a more inclusive limit than previously determined for high confidence interolog mapping (0.80, (Yu, Luscombe et al. 2004) ) it still represents a conservative threshold for interaction inclusion (see Figure   2b from (Yu, Luscombe et al. 2004) ). For purposes of network annotation prediction, all interaction scores were considered and were used in calculation of the neighborhood weight (see below) so that lower scoring interologs have a smaller impact on the final predictions.
Network-based annotation
Network-based annotation was performed for each protein in the network by first compiling a list of GO categories associated with all proteins connected to it by a predicted or experimental interaction. A neighborhood weight was calculated for each category in the list based on the frequency of occurrence of the category (majority-rule method) or by summing the individual contributions from neighbors as
where C is the category being scored, N is the number of contributors to that category, Interaction is the protein interaction quality score, and Annotation is the functional annotation quality score from that contributor. The source factor A, is used to adjust the contribution of predicted interactions derived from the DIP and GRID. Supplementary To generate random control networks, the primary annotations for all proteins in the network were randomly reassigned to another protein in the network. This provides the most conservative control network for annotation as it retains network structure and distribution of annotations. Local network connectivity properties that are important for the majority-rule and neighborhood weighting methods, such as the average number of neighbors (k) and the distribution of k in the network, are identical between the experimentally-derived (yeast) or predicted networks and their randomized control networks.
Evaluation of results
To evaluate the performance of the methods used, we chose to use the precision measure described by Deng, et al. 2004 . Precision and recall, commonly used in the evaluation of information retrieval (Donaldson, Martin et al. 2003; Zhou, Zhang et al. 2004) , are combined measures of true positive (TP), false positive (FP), and false negative (FN) rates. Standard precision is the number of correct predictions made out of all predictions (N) and can be expressed as
However, comparison of two GO categories would underestimate precision at 0 if the categories were different but shared a common path. For instance a clathrin vesicle coat annotation is more similar to vesicle coat than to ATPase, and an evaluation measure should account for this type of similarity (see Supplementary Table I ). The precision measure described in detail in Deng, et al. 2004 addresses this issue by expressing the amount of agreement between GO paths rather than simply the agreement between categories. So, summarized from Deng, et al. 2004 , precision is defined as
where N is the number of predicted GO paths, P i is the length of GO path i, and O i is the maximal overlap between GO path i and all the known GO paths. Precision results for each protein in the network were averaged to provide overall values. Behavior of this measure is somewhat problematic when considering very short GO paths. For example, the precision given for a predicted GO path with length 1 that has no overlap with any known GO paths is 25%. However, the measure is well-behaved in the range of GO path lengths actually observed in our data (4-14) and is a good measure of accuracy.
Recall is the percentage of the known annotations that were predicted by the method and the common counterpart to precision and is defined as
where M is the number of known GO paths, P j is the length of GO path j, and O j is the maximal overlap between GO path j and all the predicted GO paths. Coverage of the method is expressed as the percentage of proteins with at least one prediction under the conditions evaluated. For instance in Figure 2B , the coverage is the percentage of proteins that have one or more predictions with a neighborhood weight above the indicated threshold. Given that the goal of this study was to provide accurate predictions for the greatest number of proteins possible, the recall of the method is less important than its coverage.
Results
We applied network annotation methods to the predicted protein interaction networks in the Bioverse to predict functional annotations and evaluated the precision of predictions made using this method under various conditions ( Figure 1B) . A variation of the majority-rule method that exploited the quality scores associated with both the predicted protein interactions and starting (primary) functional annotations was developed. In the "neighborhood weighting" method, the contribution of each annotation from neighboring proteins (i.e. proteins predicted to interact) is weighted based on a heuristic combination of the interaction and functional annotation quality scores which produces a weight for each functional category predicted. This neighborhood weight allows ranking and filtering of the predictions made by the method.
Annotations were assigned to proteins before applying any network-based predictive methods (primary annotations) by manual curation (here called "manual primary annotation"; MPA), as in the case of the Saccharomyces Genome Database (SGD) annotations for yeast (Weng, Dong et al. 2003) . For most organisms however MPAs are not available or cover only a limited number of proteins in the organism's proteome. Unassisted computational annotation (here called "automated primary annotation"; APA) was used independently to assign primary annotations to proteins (see Methods).
To evaluate the accuracy of the methods described we first performed leave-oneout analysis by comparing GO category predictions made for a particular protein to the known annotations for that protein (i.e. primary annotations) and used a precision measure which accounts for the structure of the GO (Deng, Tu et al. 2004 ) ( Figure 1B ).
This measure evaluates the precision of all predictions by comparing them with the primary annotations for the protein in question, but allows partial matches for predictions where a portion of the GO path matches a primary annotation (see Methods). Multi-forward cross-validation is not necessary since our method does not use any training. Results were compared against control networks generated by randomly reassigning the primary annotations for a particular protein to another protein in the network, and repeating this for all proteins in the network.
Automated versus manual annotations in network annotation methods
For the relatively large number of organisms for which there are few or no
MPAs available, APAs must be used to provide functional information. Thus, we first wanted to show that network annotation methods can be extended to APAs, such as those provided by the Bioverse, in the context of experimentally-derived networks. We compared the performance of MPAs with the performance of APAs using the majorityrule method on the experimentally-derived yeast network. Results using MPAs were similar to those previously reported (Schwikowski, Uetz et al. 2000; Deng, Tu et al. 2004 ) with a precision of 61% (MPA control precision was 11%) considering only the most commonly occurring predicted category for each protein with two or more "votes"
(data not shown). The recall of the method increases as more rank positions are considered and for MPAs the recall at the top ranked position was 13% increasing to 35% when considering the top three ranks. Precision using APAs was 49%, but was still well above APA control levels of 18% (data not shown) and the recall was 14% at the top ranked position and 33% considering the top three ranks. These results show that computationally predicted annotations behave similarly to manually assigned annotations in network annotation.
Network-based annotation of predicted interaction networks
Although network annotation has been shown to work well for experimental protein interaction networks previously (Schwikowski, Uetz et al. 2000; Brun, Chevenet et al. 2003; Letovsky and Kasif 2003; Samanta and Liang 2003; Vazquez, Flammini et al. 2003; Deng, Tu et al. 2004 ) and in the current study current study, it remained unclear how well it would work on networks predicted using the interolog method.
Accordingly, we evaluated the precision of network annotation methods applied to the predicted protein interaction network from Drosophila. Shown in Figure 2A is precision versus rank using the majority-rule method (circles) on the predicted network and a random control network (dashed lines), where rank is determined by the frequency of occurrence of the category among a protein's neighbors. The precision of the method is The protein interaction network for Drosophila melanogaster (fly) was predicted using the interolog method. Using automated primary annotations (APAs) assigned by the Bioverse predictions for each protein were made by assembling a list of GO categories from neighboring proteins in the predicted network. This list of predicted GO categories was then ranked by frequency of occurrence for the majorityrule method (circles). For the neighborhood weighting method (squares), weights were calculated for each prediction category and filtered to include predictions with weights above 0.025 (see Supplementary Figure I ). Average precision values (ordinate) were calculated for each rank (abscissa) by comparison with the list of APAs assigned to the protein.
The process was repeated for random control networks (dashed lines). This figure shows that the neighborhood weighting method is better than the majority-rule method for ranking predictions for the top four ranks. It also shows that precision of either method approaches control levels at about rank 6-7. B. Use of quality scores to filter predictions. The neighborhood weighting method was used to perform network-based annotation on the predicted fly network (dark lines) and control network (light lines) as described in Methods. A minimum weight threshold (abscissa) was used to limit the list of predictions generated for each protein and the average precision was calculated based on the resulting list (ordinate), with a maximum of 5 predictions considered. The control precision stops at a lower weight threshold (approximately 3.0) than does the experimental precision since the magnitude of the weight depends on the number of corresponding GO categories from neighboring proteins; proteins in control networks have a lower agreement and thus a lower neighborhood weight. The percentage of proteins with at least one prediction (coverage) out of all proteins evaluated (2,037) versus the threshold is shown as a solid area. Shown in the inset graph are results from the network annotation of the predicted fly network (with the same axes, scales and ranges) using manual primary annotations from FlyBase (The FlyBase Consortium 2003), which are very similar. These results show how the neighborhood weight can be used to filter predictions to an arbitrary precision.
about 50% for the top ranked prediction and falls to control levels by the fifth ranked prediction. The recall of the method was 15% at the top-ranked position and 46% when considering the top three ranked positions. The neighborhood weighting method (squares), in which predictions are ranked based on a calculated weight, was developed to make use of the quality scores associated with the predicted interaction and the automated annotation, and to account for differences in source interaction data (see Supplementary Figure I ). Figure 2A shows that the neighborhood weighting method yields significantly better precision for predictions in the top five rank positions than control levels and that the top ranked prediction is at about 70% precision with a recall of 13% at the top-ranked position and 43% when considering the top three ranked positions.
Using the neighborhood weight to filter predictions shows that much higher levels of precision can be obtained using this method, albeit with lower coverage. We applied the neighborhood weight method to the predicted fly network and used the neighborhood weight as a filter by only evaluating the precision of predictions with weights above a minimum threshold. Shown in Figure 2B is the average precision of the top-five ranked predictions (closed squares) using different minimum weight thresholds Table 1 were predicted using the interolog method. Using automated primary annotations (APAs) assigned by the Bioverse predictions for each protein were made by assembling a list of GO categories from neighboring proteins in the predicted network. This list of predicted GO categories was then ranked using the sum of the individual neighborhood weights from each category excluding predictions with weights less than 0.025. Average precision values (ordinate) were calculated for each rank (abscissa) by comparison with the list of APAs assigned to the protein. The process was repeated for random control networks (dashed lines). Bars indicate standard error = stddev N , where N is the number of organisms).
can be used to provide high-confidence functional predictions for proteins that have not been experimentally characterized and for which little or no functional information is available. Several of these predictions are listed in Table 2 along with their estimated precision.
Application of network-based annotation to a number of organisms
The neighborhood weighting method is only useful if it can be used on any organism, well characterized or not. Therefore, we applied it to predicted networks from over 50 organisms whose genomes have been sequenced (Table 1) . This is possible since the prediction of interaction networks integrates interaction information from all known networks in a number of organisms. The average precision of the neighborhood weighting method on the predicted and control networks by prediction rank is shown in Figure 3 , with error bars representing the standard error of the mean. As shown for the predicted fly network (Figure 2 ) higher precision can be reached using the neighborhood weight as a filter. No significant differences were observed in precision averages between organisms or between group averages of eukaryotes, bacteria and archaea, though coverage differences were present. The average recall of the method considering the top three ranked positions was 36% indicating that over one third of the known annotations were reiterated at this level. The number of proteins with no annotation assigned by the Bioverse and the number of these proteins that could be assigned a GO annotation with an estimated precision of better than 60% in each organism is shown in Several examples of proteins in the fly and human predicted interaction networks annotated using the neighborhood weighting method (Table 2) Figure 1B) . Prediction of functional categories based on network context has been shown to perform well on experimentally-derived protein networks with manually curated annotations (Schwikowski, Uetz et al. 2000; Brun, Chevenet et al. 2003; Letovsky and Kasif 2003; Samanta and Liang 2003; Vazquez, Flammini et al. 2003; Deng, Tu et al. 2004 ). We first showed that the majority-rule method could be successfully applied to GO annotations assigned in an unsupervised manner to the experimental yeast protein interaction network using the Bioverse computational biology framework. We then showed that the method also performed well when applied to the predicted fly protein interaction network, using either manually-or computationally-assigned primary annotations (Figure 2 ). Results could be significantly improved by incorporating quality scores from predicted interactions and functional assignments to produce a neighborhood weight for each functional category. Therefore, prior to any experimental characterization, a predicted interaction network can be used to functionally characterize a newly sequenced organism from any domain of life and improve both the coverage and precision of existing functional annotations, automated or manually-curated. While not a replacement for experimental investigation and manual curation of annotations, this process provides a useful framework for more careful annotation of the organism, as well as generating a large number of hypotheses that can be tested experimentally.
We used our approach to improve the functional annotations for over 50
organisms from all domains of life. All these predictions and estimates of their precision have been incorporated into the Bioverse and are available at <http://bioverse.compbio.washington.edu>. Overall, network-based annotation could be performed for 14% (27,368) of the proteins encoded by all the genomes. These annotations are accessible on the Bioverse web server (Table 1 ; (McDermott and Samudrala 2003) ). A total of 8,296 proteins in the interaction networks have no GO annotation assigned directly to them by our automated functional annotation method.
We were able to provide network-based annotations for 2,404 (~30%) of these proteins with an estimated precision of over 60%.
In Table 2 we show a number of high quality (high estimated precision) predictions for fly and human for which no primary GO annotation exists. The examples for the fruit fly were generated by applying the neighborhood weighting method to the predicted fly interaction network using only APAs assigned by the Bioverse and the "Other evidence" column in Table 2 includes some GO annotations assigned by
FlyBase. The examples for human were generated using the combination of APAs and
MPAs from GenBank and none of these examples have primary GO annotations from either source. A precision estimate for each prediction (in brackets) was derived by extrapolation from the leave-one-out cross-validation (e.g. Figure 2B ). Examples in which the highest weighted predictions were shown to be largely accurate by agreement with the known functional information about the protein (grey background) demonstrate the validity of the method. Examples for which there are high quality predictions but little or nothing is known about the function of the protein from other sources (white background) represent hypotheses that can be used as starting points for experimental verification. In all, 60 fly proteins and 132 human proteins with no GO primary annotations (automated or manual) could be assigned at least one predicted functional category with an estimated precision greater than 65%.
For the fly prediction examples in Table 2 and C5orf5 also provide novel hypotheses about proteins about which little or nothing is
known. These examples demonstrate the utility of the neighborhood weighting method in providing novel annotations for proteins using predicted protein interaction networks.
The Bioverse is a unique resource that provides a large number of predictions for each protein and associated quality scores for each prediction. The current report
shows how these quality scores can be used to improve the integration of disparate types of data to generate novel predictions and precision estimates. Incorporating the quality scores of the primary annotations and the predicted interactions into the network annotation method provides a neighborhood weight for each prediction. We showed in Figure 2A that predictions ranked using weights generated by our method are better correlated with prediction precision than are predictions ranked using the frequency of category occurrence amongst interaction partners. The weights of individual predictions also correlate well with prediction precision ( Figure 2B ) and this correlation allows the accuracy of novel predictions to be estimated in cases where the protein has no primary annotations. Questionable predictions can therefore be further screened on the basis of their neighborhood weights. Additionally, since the set of known functions for any protein is almost certainly incomplete, estimates of precision based on comparison to this incomplete set, if anything, underestimates the true precision. It is likely that some percentage of the "false positive" predictions represent real functions (for examples see Table 2 ).
A significant strength of this approach for network generation and annotation of uncharacterized organisms is that it integrates a large amount of data from diverse sources, both in terms of methodology and evolutionary origin, to provide a model for the organism (Bork, Jensen et al. 2004) . Since all interaction datasets from any one experimentally-characterized organism (including yeast) are incomplete, the use of complementary and overlapping information from multiple sources creates a better model of the interactions in the target organism. By using a factor based on the source of the predicted interaction (i.e. crystallized complex or other method) to adjust the contribution of predicted interaction quality scores to the neighborhood weight we were able to improve coverage and precision of our method. Continuing improvement in the coverage and quality of experimental interaction databases will further enhance the accuracy of this method. Table 2, provide new hypotheses for very directed experimental work. We envision an iterative process in which this method (along with others) is used to generate hypothetical interactions and functional annotations, the hypotheses are then tested experimentally, and the results are fed back to improve the interaction and functional predictions of other proteins.
We describe the application of a network-based functional annotation method to predicted protein interaction networks. The neighborhood weighting method relies on predicted interaction and functional assignment quality scores to rank results and produces functional annotation predictions from primary annotations assigned manually or computationally by the Bioverse. The method has been calibrated to provide precision estimates based on comparison with known annotations. It provides functional predictions for a large number of proteins that cannot be assigned a function computationally and augments manual annotation as well (e.g. Table 2 ). Additionally, it can be applied using any arbitrary descriptive vocabulary and will improve in both precision and coverage as the number and quality of experimentally-determined protein interactions grows. We applied the neighborhood weighting method to over 50 organisms demonstrating the broad utility of the method in proteome annotation and these results are available on the Bioverse webserver <http://data.compbio.washington.edu/misc/downloads/nannotation_data/>.
In addition, our annotation method, including network-based annotation from predicted interaction networks, has been used to validate annotations for 28,000 rice cDNAs (Kikuchi, Satoh et al. 2003) as well as to annotate the completed rice genome from the Bejing Genome Institute (Yu, Wang et al. 2005) . Our results suggest that network-based annotation methods are not only valuable tools for the study of experimentally-derived protein interaction networks, but also represent a significant advance in automated genomic annotation of eukaryotes by employing predicted protein interaction networks. 
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QuickTime™ and a TIFF (Uncompressed) decompressor are needed to see this picture. Shown for each organism is the number of proteins encoded by the genome (size); the number of proteins in the predicted protein interaction network (network size); the number of interactions in the predicted network (interactions); the number of proteins with no functional annotation or with primary annotation scores < 0.25 (proteins with no primary annotation); and the number of such proteins that could be assigned a GO category using the neighborhood weighting method with a confidence (estimated precision) > 60% (network annotated proteins) by correlating the neighborhood weight with prediction precision (as in Figure 2B ). This table demonstrates the applicability of the neighborhood weighting method to predicted protein interaction networks from any organism. It also shows that a substantial number of proteins with no automated primary annotation can be assigned functions with high confidence (estimated precision) using our approach. Results for over 50 organisms can be found on the Bioverse website <http://data.compbio.washington.edu/misc/downloads/nannotation_data/>. The predicted protein interaction networks for Drosophila melanogaster (fly) or Homo sapiens (human) were assigned primary annotations. Only automated annotations assigned by the Bioverse were used for the fly network and a combination of automated and manually-assigned annotations from GenBank (Benson, Karsch-Mizrachi et al. 2000) were used for the human network. The "bio:" prefix indicates the Bioverse identifier. Predictions (GO categories) were generated using the neighborhood weighting method and the estimation of precision based on neighborhood weight is shown in brackets. Redundant or commonly occurring (e.g. ATP binding) predictions are not shown. Examples were chosen from proteins with no assigned primary annotations. The Other evidence column shows FlyBase (The FlyBase Consortium 2003) GO annotations or descriptions for fly examples and GenBank descriptions for human examples. Shaded background indicates examples which support the method, white background indicates novel hypotheses generated for the protein.
